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Abstract. Automation is a necessity in the changing dig-
ital era. It helps to increase the efficiency of any process
requiring constant manual work. The automation pro-
cess faces difficulties whenever an object arrangement
task involves both texture and feature loss. The more
challenging phase arises when these objects were pre-
viously unseen and have unknown dimensions, render-
ing conventional methods inapplicable. To overcome the
existing challenges, we proposed an approach for ran-
dom bin picking using sensor fusion of image and range
sensor data. This innovative approach helps improve
performance by handling difficulties encountered when
handling objects that lack distinctive features, texture,
or unique characteristics, especially when positioned in
an obstructed manner within a storage bin. The pro-

posed solution introduces efficient O-RANSAC-based al-
gorithms, specifically designed to leverage range data ob-
tained from a laser scanner [1], hence eliminating un-
seen issues. This utilization of range data is instrumental
in facilitating the picking and placing of objects within
the bin. The research in this paper rigorously tests the
effectiveness of the proposed algorithm across various
scenarios, encompassing real-time operations, obscured
placements, generalized situations, and instances involv-
ing featureless objects. The model was tested for multi-
ple and achieved an Accuracy of 94% in the pose estima-
tion for the pickup of large cylindrical pellets and 74%
for general cylindrical objects. This Accuracy supersedes
the generalized objects when compared to state-of-the-
art methods. This paper has also demonstrated reduced
errors in the estimation of parameters when compared to
the deterministic approach. The quantitative and quali-
tative analysis shows that the proposed model could be
used to reduce manual work.

Keywords: Bin Picking, Pose estimation, autonomous
robotics, Sensor Fusion, Computer Vision

1. INTRODUCTION

The fourth Industrial Revolution, also known as In-
dustry 4.0, is directly tied to the rise of industrial au-
tomation. Industrial automation is carried outmainly
to reduce human intervention and increase the effi-
ciency of the industrial process. Random bin picking
using robots is considered the holy grail of robotic vi-
sion. The robot has to locate a part in free space, in an
unstructured environmentwhere the parts keep shift-
ing positions and orientations every time a part is re-
moved from the bin. Complications arise when many
distinct, feature-less and texture-less objects
(such as
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black cylindrical items) are randomly piled up in the
bin, with arbitrary orientations and heavy occlusion.
To achieve this task, a set of sensors with complemen-
tary properties (a camera and a range sensor) are
used for pose estimation in heavy occlusion,
accordingly orienting the manipulator gripper to
pick up items.

1.1. Our Contribution

There are two significant contributions of this
paper. The first is the introduction of a probabilistic
approach in determining the position and orientation
of feature- less and texture-less cylindrical pellets in
a cluttered bin. An optimized approach of RANSAC
paradigm is introduced for finding the best-fitting
cylinder on the point cloud of pellet. The results are
compared with the existing deterministic approach
of [2]. The results are further improved by
implementingMSAC forpa- rameter estimation in the
already proposed approach. Uncertainty in the
estimated pose is analyzed and used to show the
robustness of the system. Next, we further extend the
work to general cylindrical objects of dif- ferent
dimensions and show the robustness of the pro-
posed approach in bin-picking applications.

2. RelatedWork

In the past few decades, a good amount of work has
been carried in the vision-based bin picking system. A
category of industrial bin picking system as in [3],[2]
are techniques which evaluate features from the raw
sensory data and evaluates using a classification algo-
rithm trained on templates of primitive shapes to esti-
mate parameters. Since the system in our case needs
to be general, and for unseen objects, template com-
parison is ruled out. The author [4] describes amulti-
view robotic grasping system [5] in this paper. A
multi- step approach involving RANSAC, ICP, and
genetic algorithm-based registration was used for 6-
DOF pos- ture estimation. Disruption detection
enhanced grasp- ing efficiency in real-world trials.
The author [6] pro- posed a deep learning-based
method for point cloud- based posture estimation,
combining instance segmen- tation and pose
prediction [7]. A physically simulated engine
generated synthetic datasets, and extensive tests
validated the network’s efficacy in crowded and ob-
structed scenarios.
In this [8] the author discusses the uncertainty prop-
agation connection in the camera’s image space, the
laser scanner’s 2D space, the Cartesian space in world

coordinates, and the tool space. Vision sensor was
a critical sensor for localization, hence, performance
maps were required. The author in [9] employed a
deep convolutional neural networkmodel trained on
16,430 annotated depth pictures created synthetically
in a physics simulator to predict grasp points di-
rectly without object segmentation [10]. The author
describes a robot control architecture [11] compris-
ing of touch and visual sensors integrated into a com-
mercially available bin picking device. Tactile sensing
augments vision-based picking systems, allowing for
in-hand item recognition, which is especially effective
for difficult-to-recognize objects such as those with
translucent or bright surfaces. Instead of immediately
lifting wire harnesses, the author [12] proposes
grasp- ing and extracting the object in a circle-like
trajectory until it is untangled. The approach yields
an overall success rate of 89.36%, compared to
42.23% in the baseline. The author [13] offered a
flexible robotic sys- tem for kitting and assembly
jobs that does not require jigs or commercial tool
changers in this paper [14]. In study [15] a unique
reactive planning method based on the contact
information to make the unwrapping process
effective and resilient on pallets with unpre- dictable
location or shape. The authors [16] proposed an
integrated approach for object recognition and tra-
jectory prediction usingmulti-view representations of
LiDAR returns and camera images. Their model com-
bines Bird’s-Eye View (BEV) features fromhistorical
LiDAR data with high-definitionmaps, augmented by
additional LiDAR Range-View (RV) features. The re-
sulting fused features are processed in an end-to-end
trainable network for final detections and trajectories,
achieving efficient LiDAR-camera fusion. The author
[17] reviews 3D object identification algorithms, com-
monly used sensors, and datasets in autonomous
vehi- cles (AVs). They categorize current efforts into
monoc- ular, point cloud-based, and fusion
approaches based on sensor modalities. The
outcomes of these works are summarized, and
research gaps and future objectives are identified. AV
perception systems, often incorpo- rating machine
learning (e.g., deep learning), convert sensory data
into semantic knowledge for autonomous driving.
Given a packed heap of fresh items of vari- ous
types, the author provides a robust solution for
sta- ble and collision-free grab planning. The author
[18] proposes a collision-free grab planning solution
for a packed heap of fresh items. Their approach
incorpo- rates a unique grab pose rating algorithm
and a pose re- fining method within the grasp
planning pipeline. This ensures stable contact
between gripper-fingers and the
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target item. Due to the densely packed arrangement of
items, traditional grasp planning algorithms may
strug- gle to find suitable grip positions.
Remarkably, their approach successfully clears up
to 14 items using a physical robot equipped with a
two-fingered parallel- jaw gripper and a depth
sensor. The author’s represen- tation in reference
[19] to pick up featureless cylinders using deep
learning and assembly with a combination of visual
and physical input. YOLO object detection was
employed todetect the item for robotic pickup. Even
in busy surroundings, the item could be identi- fied.
The assembly of a cylindrical item in a hole with a
little clearance is also covered. The approach em-
ploys hybrid control, which consists of position con-
trol along the assembly plane and force control along
the normal to the plane direction. The author’s [3]
[20] single-picture hand-eye calibration approach
enables collision-free grab planning for robotic cube
picking with a monocular camera. By segmenting
images from specific camera postures, the method
recovers object information despite low contrast or
varying illumina- tion. Edge information guides
posture calculation, and a directional thresholding
technique estimates an extra edge. The 3D edge
data computes the item’s attitude for successful
robotic pick-up. The paper [52] proposes an
improved YOLO framework for detecting small
industrial objects. By integrating receptive-field
attention and multi-scale feature fusion, the model
significantly enhances feature representation and
detection accuracy, particularly in complex and
cluttered industrial environments.
A general object’s shape detection technique from
point cloud data can be formulated using RANSAC
[21]. These techniques, however being general are not
fast because of their iterative nature. A faster way for
RANSAC is also developed by [22], but thework ba-
sically concentrates on sleeping pellets and its match-
ing with templates, our work is more complete and
robust because of the use of sensor fusion. In [8] the
major work was concentrated on using RANSAC on
multiple primitive shapes like spheres, cylinder,
cones, and tori. The objective is very broad, checks
sup- port for each and every shape and end up
consum- ing more time. The efficiency is affected
in such a system; our system is optimized for
cylinders and is fast and accurate. [23] uses the
geometric primitives of cylinders in visual odometry
and uses PCA to clas- sify planes and cylinders, and
using RANSAC to esti- mate cylinder parameters. It
also accounts the uncer- tainty and accordingly
optimizes the pose [24]. Our work is most similar to
this but uses sensor fusion for the planar surfaces,
MSAC for cylinders and models uncertainty in the
robotic pickups. Thestudy[50]presentsamethodthat
combines instance segmentation with 3D point cloud
analysis to accurately estimate object poses in cluttered
industrial bins. The approach improves recognition and

localization of partially occluded or overlapping objects,
enhancing the efficiency and precision of robotic bin-picking
operations. The paper [51] introduces a pose estimation
framework that utilizes sparse convolutional networks to
efficiently process 3D point clouds. By focusing on sparse
geometric features, themethod achieves faster computation and
higheraccuracy indeterminingobjectposeswithinclutteredbin-
pickingenvironments.
In [25], Torr et al. present a modification to the RANSAC
paradigm as M-estimator SAmple Consensus (MSAC). In
MSAC, consensus set is determined using M-estimators in-
stead of the ranking based used in RANSAC. Some authors
also focussed on energy efficiency presenting solution like
Energy Efficient Dynamic and Adaptive State-Based
Scheduling (EDASS) [26] and some au- thors worked on
crowd sensing using IOT [27]. Re- cent works for general
objects are done using Deep Learning (DL) and
reinforcement learning (RL); these techniques, however,
requires hours of training and hence are not directly
deployable for new objects. [28] proposed a self-learning
process and utilizes the vec- tor obtained on passing through
ConvolutionalNeu- ralNetwork (CNN) [29] for comparison.
CNN based methods with multi-view for 6D pose estimation
[30] [31] has achieved great results, however, is again a
data-driven self-supervised approach requiring multiple
scans from different positions and is not optimized for 1D
pose estimation, which is the advantage of our system. [32]
[33] presents CNN based system which assigns objects
affordances with different grasping primitives, the amount
of computing power re- quired for such a system is very
high and relies on multiple GPUs. State of the art for our
taskwith texture- less and feature-less object is [34] which
achieves 93% pickup success in 1200 attempts. Thiswork is
based on a deterministic estimation of the pellet pose and
requires prior knowledge of dimensions of the ob- ject to
be picked. A better sparse Bayesian learning (SBL) scheme
is suggested in the research paper [35] for use in high-
precision data modeling for structural Health Monitoring
(SHM) applications. By adding enhancements to the
conventional SBL technique, the authors address the
difficulty of effectively modeling SHM measurements by
improving both its generalization ability and predictive
Accuracy. The study [36] presents a brand-new method for
system reliability analysis that makes use of junction tree
algorithms and Bayesian networks (BN). The suggested
frame- work provides a flexible and scalable approach to
analyze the reliability of complex systems more accurately
and computationally efficiently. [37] is a research that presents
a new Bayesian dynamic linear model (DLM) framework for
missing data imputing and structural health monitoring
(SHM) data forecasting during ty- phoon events. The authors
provide a Bayesian method that uses dynamic linear modeling
approaches to cap- ture time-varying patterns and forecast
upcoming ob- servations while taking temporal
dependencies and un- certainties in SHMdata into account.
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3. SENSOR FUSIONANDCONFIGURATION

3.1. Reference frames

There are three frames of interest, i.e., laser scan-
ner frame (L), camera frame (C), and the end-effector
frame (E). There is also one common frame of base,
i.e., world coordinate frame (B). For sensor fusion, the
translation of the 3D data obtained from the laser
scan- ner, and the image data obtained from the
camera has to be expressed in the common B frame.
The sensors, in our case are mounted on the end
effector in the eye in hand configuration. Hence we
can use the E frame as the reference for both C and
L. Fig. 1 is an illustration of these transformations.

Fig. 1. Transformation of Laser and camera frame to end effector
frame

3.2. Sensor Fusion

To achieve Robotic bin picking, we employed the
fusion of data from two sensors having complemen-
tary properties, i.e., camera and laser range-finder
sen- sor [38]. The laser range finder gives us the depth
and, hence an estimate of the size of the object and
its lo- cation in 3D space of the bin. These estimates
can fur- ther be refined by projecting the estimates
onto the im- age from the camera. Fig. 2 shows the
projection of the laser scanner obtained point cloud
onto the image. By employing edge detection
techniques on this cropped image, the area bounding
the object can be obtained and hence, a better
estimate of the pose and position of the object. This
estimate from sensor fusion is then used to pick up
the object.

Fig. 2. Projection of laser data on image, similar to [39]

3.3. System Configuration

For 3D data, high accuracy Micro-Epsilon laser
scanner [40] [38], and for 2D images, a Basler camera
[41]with a resolution of 2448 x 2048 is used. The sen-
sors are mounted in "Eye in hand configuration"
on the tooltip. The robotic manipulator used is
KUKA KR5 Arc- KR C2 [42] [43] with 6 degrees of
freedom. For the computations, we used a PC with
Intel Xeon CPU clocked at 2.80 GHz with 12 GB
RAM.

4. PROBABILISTIC APPROACH FOR
PICKINGCYLINDRICALTEXTURE-LESS
OBJECTS

The study proposes a probabilistic system based on
the use of RANSAC paradigm in the determination
of pellet pose from the point cloud obtained from the
laser scan. It is a non-deterministic system and does
not require prior knowledge of the dimensions of the
pellet. Further, sensor fusion is used in estimating the
pose of the pellets.

4.1. Proposed Approach

The complete flow of the proposed approach is pre-
sented in Fig.3. The process starts with Laser scan and
image grab using camera mounted on the robot. Then
the points belonging to container walls and outside it
are removed. The cloud is then de-sampled to get uni-
formly sampled data. Statistical outliers were
removed by the technique described in [44]. The
refined point cloud thus obtained is processed using
region grow- ing algorithm to reduce the complexity
of RANSAC.
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If there are no regions meeting the constrains, then
the
process is stopped. Each grown region is treated as a
patch and further processed using PCA to estimate the
curvature. The parameter estimation is then
carried out as per the Algorithm 2 defined below,
having different paths for curved and planar
surfaces. Next step is to check the approachability of
the pellet using the cen- troid and approach normal.
If not approachable then the patch is skipped until
next scan, else, gripper picks up the pellet and places
appropriately. An image of the boat is then grabbed
to detect disturbances and the patches showing
disturbances are skipped. This pro- cess is repeated
until all the regions are processed and then a fresh
scan is taken. The process stops when in the fresh
scan the number of regions grown are zero.

4.1.1. Region growing
The region-growing segmentation uses a K-d tree

to store the nearest neighbors. It first sorts the points
by the values of their curvature. It is done so that the
region growing can start from the point with the min-
imumcurvature.We start from the pointwithmini-
mum curvature because it is located in the flat area
and growing from the flat area decreases the total
num- ber of segments formed. The algorithmcontinues
with the region growing with the minimum
curvature point. Until all the points in the cloud are
labeled, the point with the minimum curvature is
picked up and contin- ues with the region growing.

The process is achieved by the following steps:

– The point picked is added to seeds (a set)
– Find the neighboring points for each seed
point

– If the angle between the seed point’s normal
and the neighbor’s normal is tested. The point is
added to the current region if this angle is less
than some threshold.

– Then, the neighbors are tested for the curvature
values. The current point is added to the seeds if
the curvature is less than some threshold.

– The current seed is then removed from the
seeds.

– The region is fully grown if the seed set becomes
empty.

– The process is then started from the beginning
with a new seed point.

Segmented regions are returned by the
Algorithm 1.

4.1.2. Parameter estimation
Since the point cloud data obtained after segmenta-

tion in the step above has both inliers and outliers, pa-
rameter estimation by directly fitting a model on the

Algorithm13-DRegionGrowing Segmentation

Input: Point cloud (P) fromsensor data, curvature
threshold (Cth), Normal angle threshold (θth) Output:
Indices of regions grown (R)
Initialize: Points Available (A=P), Region list (R
=ϕ)
1. Normal Estimation: Normals (N) estimated for

each point using neighbors within a small radial
distance.

2. Curvature Estimation: Curvature is the varia-
tioninthedirectionofnormalsof theneighbours.

3. Neighbour Finding Function: 3-dimensional Kd
Tree is used to find the nearest neighbor in an
efficientway.

4. LoopProcesswhile A is a non empty set

(a) Empty sets of current region Rc and current
seeds Sc

(b) PminMinimumcurvature point inA
(c) AddPmin to the current seeds Sc
(d) AddPmin to the current regionsRc
(e) RemovePmin from the available points A
(f) For the points in the current seed set

i. Find the neighbour (Nj) of the seedpoint
ii. If Nj is in A and

|N (seedpoint), N (neighbour)| < cos(θth)
then addNj toRc and removeNj fromA

iii. If C(neighbour) < Cth then addNj to
Sc

(g) Add region Rc to the global list of
regions (R).

5. ReturnR

data is not possible. We use "RANdom SAmple Con-
sensus" (RANSAC) [45] to estimate themodel param-
eters. RANSAC is an iterative and non-deterministic
method of estimation of model parameters in the
pres- ence of outlier. Inliers are the ones that can
be ex- plained by a model having a particular set of
parame- ter values, whereas outlier does not fit the
model under any circumstances. An underlying
assumption is that there exists a procedure by
which we can optimally es- timate the model
parameter using the given data. The projection maps
define in section 2 is used to get cor- respondences
between the image and point cloud. This sensor
data fusion is used to tune the results of 3-D
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Fig. 3. FlowDiagramof the Proposed Approach

segmentation further. It thus overcomes the
shortcom- ings of image-based segmentation.
Algorithm 2 estimates the centroid and approach

axis for cylindrical object pickup by processing seg-
mented regions from Algorithm 1. For each region
identified as cylindrical (based on mean
curvature), the algorithm employs RANSAC or
MSAC to fit a cylin- drical model. The process begins
by randomly select- ing a minimal set of points
(hypothetical inliers) to de- fine an initial cylinder
model, characterized by its axis (line parameters) and
radius. All points in the region are then tested
against this model, with points within a distance
threshold Dth classified as inliers. The model
parameters are iteratively refined using the expanded
inlier set until convergence or the maximum iteration
limit is reached. The centroid is computed as the
mean position of the inliers, projected onto the
cylinder’s axis, and the approach normal is defined
as the line connecting the centroid to its projection
on the axis. This ensures a robust estimation even in
the presence of outliers, with MSAC further
optimizing the fit by minimizing a robust cost
function over inliers.
The histogram equalization [46] in the above algo-

rithm is applied to the localized patches and not
on the

complete image. This increases the contrast obtained
and gives us the required details for successful image-
based segmentation. It also imbibes immunity to the
variations of lighting conditions. By computing fea-
tures in a localized space of high contrast, false detec-
tion due to specularity is avoided, and the results ob-
tained are consistent. The algorithm is thus more reli-
able and not affected by ambient lighting changes.

4.1.3. Graspability and Approachability
Graspability is ascertained by the comparison of di-

mensions of the patch in the object framewith the di-
ameter of the gripper. If it passes this test, then the ap-
proach normal and surface centroid calculated above
are translated for KUKA robot in the required X, Y, Z
position and A, B, C angle form.

To have a reliable system for emptying the bin, it be-
comes necessary to find the optimal path for
approach- ing the pellet. Collisions between the
gripper and con- tainer wall are likely due to the
arbitrary orientation of thepellets.This the feasibility
of the required orienta- tion is ensured before
attempting a pickup. The grip- per rod is modeled as
a cylinder and the bin walls as finite planes. The axis
of alignment of the is the same
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Algorithm 2 Estimation of centroid and approach
axis
for pickup

Input: Regions (R) obtained from the region grow-
ing algorithm, A parameterized model of the cylin-
der, distance threshold (Dth), maximum no. of iter-
ations
Output: Surface Centroids (Si) and Approach Nor-
mals (Ni) for each region
Loop process for each region (Ri) in R
Each patch is classified as belonging to plane or
cylinder based on themean curvature.
if Patch = cylindrical then
for iteration j in max_iterations

1. Randomly selects a minimal set of hypotheti-
cal inliers.

2. Fit themodel on this inlier set and obtain the
model parameters (line parameters of axis
and radius).

3. All the point inRi are tested to bewithin some
distanceDth to themodel, and are included in
the inlier set.

4. Using all the points in inlier set, the model pa-
rameters are re-estimated.

5. The model is retained if sufficient points are
classified as inliers, else rejected.

6. Themodel parameters with the most number
of inlier is saved.

7. If there is no change in the number of inliers
for some iterations or all points included in
in- liers, break.

The centroid of the patch is estimated using the
mean position of the inliers
The centroid is projected on the estimated axis of
the cylinder.
The line joining the centroid and its projection is
the approach normal.
The centroid is projected onto the surface, and
this point is the new centroid for pickup.
RETURN new centroid and approach
normal.

end if

as the approach normal of the pellet and the center of
the cylinder aligned to the patch centroid. The
analysis is carried out, and the minimum angle θ for
collision- free pickup is identified. The minimum
distance of the centroid from any wall is greater
than the projected ra- dius of the cylinder to ensure
there is no collisionof theplanar face of the cylinder
with thewall.

4.1.4. Disturbance detection
There are other sources of disturbance during

pickup besides collisionwithwalls of the container.
These dis- turbances are hard to model and are
caused bymajorly due to object-gripper and object-
object interactions. To avoid a fresh laser scan and
to cater the disturbances, after each pick-up an
image is taken from the same perspective of the
container and compared with the previously
grabbed image. The disturbance is detected by
calculating the pixel-wise difference between the
two images. It the difference is above a threshold, the
change is attributed to disturbance or movement
in the scene. The range data corresponding to these
pixels is then deleted using backward projection.
These points are not used for segmentation, and thus
disturbance is successfully ignored, avoiding the need
for a re-scan.

5. Experimental setup and Results

The experiments were conducted using a KUKA
KR5 Arc robotic manipulator with a 6-DOF arm,
equippedwith aMicro-Epsilon laser scanner (accu-
racy: ±0.1 mm) and a Basler camera (2448×2048 res-
olution, 0.05 pixel RMS error) in an eye-in-hand con-
figuration. The test binmeasured 600×400×200mm,
filled with cylindrical pellets (radii: 7–10 mm) and
general objects (e.g., bottles, radii: 20–25mm) in ran-
dom orientations. Scenarios included sleeping pellets,
standing pellets, occluded configurations, and outlier-
rich point clouds (up to 30%noise). Data processing
was performed on an Intel Xeon PC (2.80 GHz, 12
GB RAM), with algorithms implemented in C++ using
OpenCV and PCL libraries. Each test involved 50–100
pickup attempts to ensure statistical reliability.

5.1. Estimation of Parameters of sleeping pellets

Estimation of centroid, orientation and radius is
car- ried for the pellet in the boat in Fig. 4 using
determin- istic [39] and probabilistic approaches
and its compar- ison with the actual value is
tabulated in Table 1.
The refined point cloud of the above boat is, as

shown in Fig. 5. In the proposed approach, we are first
doing region-based segmentation of the point cloud
shown in Fig. 6 and then fitting a cylinder on the seg-
mented point cloud as shown in Fig. 7.
It is noted from the error comparisons in Table 2

that the new methods implemented give better results
than the deterministic one [39] andMSAC gives the
best results. Table 3 shows the comparison among the
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Table 1

Comparison of the estimated parameters vs. actual value

Parameters Actual Deterministic RANSAC MSAC

Centroid

(mm)

(475.6,

52.06,

18.46)

(475.168,

52.3326,

16.8707)

(475.232,

52.3025,

18.6347)

(475.195,

52.1959,

18.6347)

Orientation

(Degree)

(-26.4,

-0.03,

0.01)

(-26.0768,

-0.28517,

-0.8864)

(-26.424,

-0.705,

-0.003)

(-26.4123,

-0.5620,

-0.0029)

Radius (mm) 7.2 NA 7.390 7.3836

Avg Time (ms) NA 5 1.94 1.0

Fig. 6. Segmented point cloud, result of algorithm 1

Fig. 4. Image of boat with pellet whose parameters are to be esti-
mated

Fig. 5. Point cloud of the binwith pellet

different proposed methods with their advantages
and trade-offs.

5.2. Estimation of Parameters of standing pellets

Estimation of the centroid, orientation, and radius
needs to be carried for the standing pellets as well.
The difficulty facedhere is that theplanar surface of
the standing pellet can be continuous when pellets
are next to each other. This makes the estimation
of the centroid of pellet using point cloud infeasible.
We make use of the camera image by projecting the
segmented points of the planar surface on it. An
image mask is created

Fig. 7. Point cloud fitted with cylinder and the axis and centroid
marked

using these projected points, and hence, a localized
im- age is obtained. This image is enhanced for image
pro- cessing based circle detection. We used hough
circle detection algorithm to find the circles in the
image. The hough circle gives best results when an
estimate of the radius is provided as parameter.
To get the estimate of radius, we take the length and

breadth of the patch and find theminimumas patch
size. Linear regression is then trained on the data of
patch sizewith the true radius as the target. The equa-
tion obtained from linear regression is
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Table 2

Error Comparison of the Different Methods for parameter
estimation

Method Deterministi
c

RANSAC MSAC

Error in Centroid (mm) 1.662 0.164 0.138

Error in Orientation
(degree)

0.073 0.004 0.002

Error in Radius (mm) NA 0.19 0.1836

Estimated_radius = 4500∗Patch_size− 15 (1)

This gives us an estimated radius in terms of the num-
ber of pixels. A tolerance of 10 for min and max ra-
dius is fed to the Hough circles Transform implemen-
tation of OpenCV [45]. The circle parameters (center
and radius) obtained from the transform is then back-
projected to the laser frame. The x and y from back
projection along with z from themean height of the
patch is the centroid of pellet, and the mean of
normals is the pickup axis fed to the robot.
Fig. 8 is the image of the boatwith standing pellets,

Fig. 9 is the point cloud from a laser scan of the same
boat and Fig. 10 presents the result of algorithm 2 on
standing pellets.

Fig. 8. Pellets in standing position

5.3. Estimation of Parameters in the presence of
outliers

The presence of outliers greatly affects the outcome
of the parameter estimation techniques. Since the
pres- ence of noise or outliers is unavoidable in
natural sce- narios, we test the robustness of these
techniques in the presence of outliers. For this
purpose, we use the point cloud segmented as shown
in Fig. 6. The error in the determination of centroid,
orientation, and radius is tabulated in Table 4. A plot
of the results obtained

Fig. 9. Point cloud of Pellets in standing position

Fig. 10. Estimated circles on the standing pellets. Blue circle pellets
have dimension described in [39], Green circle pellets have radius
1.5 times blue, Red circle for other radius

with different percentages of inliers is plotted in Fig.
12-14.

Fig. 11. Point cloud of pellet with 10% and 80% outliers

Fig. 12 plots the error in centroid estimation in the
presence of different percentage of outliers. The
exam- ination of the error plot shows that MSAC is
robust to the presence of outliers and outperforms
RANSAC and Deterministic approach when the
percentage of out- liers is very high. A similar trend
is seen in the ap- proach axis determination plotted
in Fig. 13. The de- terministic approach in [39]
cannot estimate the radius as it does not model the
patchwith a cylinder. Hence a comparison Fig. 14 is
done between RANSAC and
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Table 3: Comparison of Proposed Methods

Fig. 14. Plot of error in radius estimation with percentage of outliers

Fig. 12. Plot of error in centroid estimation with percentage of out-
liers

Fig. 13. Plot of error in approach normal estimation with percentage
of outliers

MSAC, with MSAC giving slightly better results. Ta-
ble 4 is the tabulation of errors with 30% outliers
in the point cloud.

Table 4

Comparison of errors by different methods with 30% outliers in point
cloud

Method Deterministi
c

RANSAC MSAC

Error in Centroid
(mm)

1.684 0.270 0.134

Error in Orienta-
tion (degree)

0.315 0.252 0.079

Error in Radius
(mm)

NA 0.109 0.011

5.4. Estimation of Parameters in occluded
configuration

Occlusion in a filled bin is common and needs to be
addressed. Fig. 15a shows such a case with pellets on
top of one another. A solution to the issue is to pick
the top pellets correctly identified first and then do a
re-scan to get the point cloud of subsequent pellets.
To achieve this, the regions segmented from the Al-
gorithm 1 are sorted according to their height in the
bin. The pickup is then carried out for these object at
the same time marking the area surrounding the
picked up pellet in the image. This marked area
removes any small portion of occluded pellet, thus
avoiding an at-

Proposed Method Advantages Trade-offs
Enhanced ResNet50 with Addi-
tional Dense Layers

- Improved classification accuracy
- Better feature extraction with additional
dense layers

- Increased model complexity
- Higher computational cost

Modified VGG16 with Batch Nor-
malization and Dropout

- Enhanced generalization
- Reduced overfitting
- Stability in training due to batch
normaliza- tion

- Slightly higher training time
- Requires careful tuning of dropout rates

Fusion of ResNet50 and VGG16
Features

- Utilizes strengths of both architectures
- Improved performance through feature
fu- sion

- Significantly higher computational over-
head
- Complex to implement and tune
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tempt to pick it up. An image of the identified pellets ces TB and TB. The final uncertainty at end-effector
C L

for pickup a scan is shown in Fig. 15b

(a)Multiple pellets in a bin under occlusion

due to the laser is given by equation 3 and due to the
camera by equation 4. Tomeasure uncertainty, We use
amultivariate Gaussian distribution characterized by
amean vector and covariancematrix. Let x represent
the estimated parameter vector (e.g., centroid coordi-
nates), µE the mean of the estimated parameters in
the end-effector frame, and ΣE the covariance matrix
cap- turing uncertainty. Similarly, µC and ΣC denote
the mean and covariance in the camera frame, and µL
and ΣL in the laser frame. Transformation matrices
TB and TB map uncertainties from the camera and
laser frames to the base frame, respectively.

1

p(x, µE,ΣE) =

where:

1 exp (g) (2)
(2π)n/2 |ΣE| 2

g = − 1 (x− µ2 E)T Σ−1 (x− µE)

(b)Result of proposed Algorithm 1 and 2 on the scan of bin in
Fig.15a

Fig. 15. Occlusion in bin picking

5.5. Uncertainties in the Parameters estimation

The parameter estimation process involves cali-
brated sensors (camera and laser) fixed on the robot’s
end effector. The process involves translation from the
laser and camera frame to the end effector frame. Un-
certainty from each step gets propagated to the next
step.Wemodel the overall uncertainty in the determi-
nation of the parameters of the cylinder in the second-
order form, i.e., characterized by a mean µE and co-
variance matrix ΣE. The multivariate Gaussian thus
formed is represented by 2. Also, the various sources
of uncertainties from the camera frame N (µC, ΣC)
and laser frame N (µL, ΣL) to the end effector and
then from the end effector to grid gets added to the
one above. Considering zero mean distribution of
these uncertainties, we are left with the covariance
matrices ΣC and ΣL that gets transferred from their
respective frame to the base using the two
transformation matri-

ΣEL = TBΣL (3)

ΣEC = TBΣC (4)

The three uncertainties combine to give us the final
uncertainty mean µU and covariance ΣU for the three
methods tabulated in Table 5.
On the basis of equation 2, we can find equal height

contours using p(x, µE, ΣE) = C and given by equa-
tion

||Σ−1/2(x − µ)|| = C2 (5)

The equation 5 is the equation of ellipsoid centered
at µ. Using this equation, we can find the contour with
a certain probability of the point lying within. The
value of C is chosen based on the confidence level re-
quired.
Fig. 16a shows the pellet onwhichmultiple scans

are carried out to estimate the uncertainty covariance
matrix and mean tabulated in Table 5. The uncertainty
ellipsoid plotted using 5 and the estimates for MSAC
is in Fig. 16c. An illustration of the boat with centroid
in one of the scan and uncertainty ellipsoid is shown in
Fig. 16b.



12 /

Table 5

Uncertainities in the estimation of centroid denoted by mean and covariance matrix

Method True Value (mm) Estimated Mean (mm) Covariance Matrix

Deterministic [39] (47.56, 52.06, 18.46) (475.34, 2.01, 16.88)
[[0.095, -0.018, -0.025],
[-0.018, 0.019, 0.005],
[-0.025, 0.005, 0.009]]

RANSAC (475.6, 52.06, 18.46) (475.38, 52.06, 18.55)
[[0.070, -0.010, -0.008],
[-0.010, 0.014, 0.002],
[-0.008, 0.002, 0.001]]

MSAC (475.6, 52.06, 18.46) (475.35, 51.97, 18.55)
[[0.067, -0.019, -0.008],
[-0.019, 0.019, 0.003],
[-0.008, 0.003, 0.002]]

5.6. Application of Uncertainty Ellipsoid in Pickup
Decisions

The uncertainty ellipsoid, derived from Equation 5
and visualized in Figure 17, plays a critical role in re-
fining the robotic grasping strategy.When the initial
pickup attempt fails due to parameter estimation er-
rors, the ellipsoid defines a confidence regionwithin
which the true centroid likely resides. By performing
a grid searchwithin this region—bounded by the el-
lipsoid’s principal axes scaled by the confidence level
C—the system identifies an adjusted centroid and ap-
proach normal for a subsequent attempt. This
approach avoids the need for a full re-scan, reducing
computa- tional overhead and improving real-time
performance. For instance, in cases of high
uncertainty (e.g., MSAC covariance in Table 4), the
system prioritizes pickup attempts along the
ellipsoid’s minor axis, where un- certainty is lower,
enhancing grasp success rates. This adaptive strategy
leverages the probabilistic frame- work to mitigate
errors from sensor noise and occlu- sion, ensuring
robust bin picking.
To quantify the impact of sensor errors, we analyzed
the covariancematrices in Table 4, which reflect un-
certainties from the laser scanner and camera. The
deterministic method exhibits the highest uncertainty
(e.g., Σ11 = 0.095 mm² along the x-axis), driven by
its sensitivity to laser noise (up to 0.1mmdepth er-
ror) and camera calibration errors (0.05 pixel RMS).
RANSAC reduces this uncertainty (Σ11 = 0.070
mm²) by robustly rejecting outliers, while MSAC fur-
ther improves it (Σ11 = 0.067 mm²) through its M-
estimator optimization. The trend showsMSAC con-
sistently yielding the smallest covariance eigenvalues,
indicating tighter uncertainty bounds (e.g., 0.002
mm²

along z-axis vs. 0.009 mm² for deterministic). These
differences translate to a 20–30% reduction in grasp
adjustment range for MSAC, highlighting its superior
handling of sensor-induced errors.

6. Bin picking for generalized cylindrical objects

The probabilistic approach discussed in section 4 is
not restricted by the dimension of the pellet [47]. It is,
hence, a more general approach for bin picking [48].
We adapted the algorithm proposed to pick any cylin-
drical general-purpose everyday object. In this
section, we discuss this adaptation along with the
changes in- corporated.

6.1. Proposed approach

The approach for picking general cylindrical ob-
jects starts with cleaning of the point cloud by remov-
ing the points belonging to the wall and beyond, then
de-sampling and statistical outlier removal. The point
cloud thus obtained is passed from the region growing
algorithm (algorithm 1) with greater angle threshold
as general objects do not have a uniform shape. This
increased threshold allows for the objects with non-
uniform shape to be undivided and classified as one
region.
The RANSAC based algorithm (algorithm2) is then

run on each region patch and approach normal, and
the centroid is obtained. To detect circles in the sen-
sor fusion for any general purpose object, we made
slight changes to the circle fitting step for the planar
surface of the algorithm. An estimation of the radius is
required for the Hough circles algorithm to detect cir-
cles in the image. This is done using the dimensions
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(a)Boat with the pellet for uncertainty analysis

(b)Illustration of the uncertainty in estimated
centroid (in green)

(c) Uncertainty in the estimation of centroid of pellet using
MSAC (Table 5)

Fig. 16. Uncertainty in the estimation of centroid of the pellet

of the point cloud. Minimumof the length and breadth
is taken and passed to a regression-based formulation
to predict a probable radius of the object in the patch.
This probable radius is passed to the Hough circle de-
tection step to obtain a more accurate circle and its
center. This center is then back-projected to the point
cloud to get the surface centroid for pickup.
The steps of determining graspability,

approachabil- ity, and collision detection are the
same as discussed in section 4.1.3

(a)Uncertainty in the estimation of centroid of pellet using De-
terministic Technique

(b) Uncertainty in the estimation of centroid of pellet using
RANSAC based technique

Fig. 17. Uncertainty in the estimation of centroid of the pellet from
Table 5

6.2. Results: Estimation of Parameters of generalized
cylindrical objects in the bin

Estimation of centroid, orientation, and radius is
car- ried for the pellet and bottle in the boat in Fig. 18
using theprobabilistic approachesand its comparison
with the actual value is tabulated in Table 6.
The point cloud corresponding to the bin above is

shown in Fig. 19. The segmented point cloud fromAl-
gorithm1 is shown in Fig. 20. The segmented regions
are then passed to Algorithm2, and the cylinder is fit-
ted on each of them. Fig. 21 and Fig. 22marks the cen-
troid and pickup axis. A comparison of the parameters
obtained from the two techniques with the actual val-
ues is tabulated in Table 6. The corresponding
errors in the determination of parameters are
tabulated in Table 7.
It is noted from the error comparisons above that

even for generalized cylindrical objects, MSAC gives
better results than RANSAC.



14 /

Table 6

Comparison of the estimated parameters Vs Actual value

Parameters Actual RANSAC MSAC
Big Pellet

Centroid (mm)
(503.56, 91.23,

24.51)

(504.086, 91.137,

24.3936)

(503.754, 91.3003,

24.3936)

Orientation
(-21.57, 2.06,

-0.02)

(-18.231, 0.18,

0.007)

(-18.3216, -2.1454,

0.007)

Radius 9.9 10.3095 10.2218

Bottle

Centroid (mm)
(545.54, 52.4,

52.89)

(546.741, 51.8053,

53.1723)

(545.604, 52.3683,

53.1723)

Orientation
(50.12, 9.7,

-0.02)

(50, 10.141,

-0.0689)

(50, 10.5211,

-0.0803)

Radius 21.65 21.3925 21.7624

Fig. 20. Point cloud of the boat segmented using algorithm1

Fig. 18. Image of boat with bottle and pellet to be picked up

Fig. 19. Point cloud of the bin with bottle and pellets

6.3. Uncertainty analysis of the estimated Parameters

There aremany factorswhich contribute to the un-
certainty in the system. The parameter estimation is

Fig. 21. Segmented point cloud of big pellet fitted with cylinder,
centroid and axis marked



/ 15

Fig. 22. Segmented point cloud of bottle fittedwith cylinder, cen-
troid and axis marked

Table 7

Comparison of the errors in estimation of parameters

Parameters RANSAC MSAC
Big Pellet
Error in Centroid (mm) 0.5466 0.2369

Error in Orientation
(degree)

0.5488 0.5440

Error in Radius (mm) 0.4095 0.3218

Bottle
Error in Centroid (mm) 1.3695 0.2911

Error in Orientation
(degree)

0.0769 0.1051

Error in Radius (mm) 0.2575 0.1124

affected by such uncertainty, and hence, the pickup is
affected.Wemodel these uncertainties through data
frommultiple scans. The uncertainty covariance ma-
trix obtained from the twomethods is tabulated in Ta-
ble 8 along with the mean. Fig. 23 shows the uncer-
tainty modeled for the bottle and correction in
centroid required for better pickup.

Fig. 23a is the image of a binwith general cylindri-
cal objects forwhich the centroids are estimated using
the proposed algorithms 1 and 2. Fig. 23c is the seg-
mented point cloud of the bottle onwhich we did un-
certainty analysis. The uncertainty is modelled using
Multivariate Gaussian of equation 2 and mean (µE)
and covariance (ΣE) parameters are estimated using
equation 6and equation 7 and tabulated in 8.

µE = E[X] (6)

ΣE(X) = E[(X − µE)(X − µE)T ] (7)

The ellipsoid can then be obtained using equation 5
and is plotted in Fig. 23b. An illustration of this 3D
ellipsoid [49] on the 2D image is presented in Fig 23d
and denotes the uncertainty in the estimation of the
centroid. Table 9 provides a comparison of the pro-
posed approachwith previous work. It can be see that
our generalized algorithm checks all the boxes and
tackles the issues not addressed by previouswork.

Table 9

Comparison of the Proposed Approach with previous work

O-RANSAC [21] Det [39] Our Algo

Probabilistic 3 7 3

Real-TimeData 7 3 3

Robust to outliers 3 7 3

Accounts Occlusion 7 3 3

Sensor fusion 7 3 3

General objects 7 7 3

7. Discussion

The techniques presented have shown better
results in terms of Accuracy, avg time, and
uncertainty than the deterministic algorithm
presented in [39]. The re- sults obtained by MSAC
are better than RANSAC in our study but only by a
small margin. To completely
segment point cloud from boat having ∼ 20 pellets,
[39] takes∼ 300ms, and [22] takes around 6s, whereas
the algorithm proposed takes 140-180 ms depending
upon cylinder fitting technique used. The algorithm
is tested for the different percentages of outliers, and
the trend is the same as before with MSAC show-
ing better results on an average. Both techniques pre-
sented give very good performance in the presence of
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(a)The estimated centroids using algorithm 2 (MSAC)

(b) Uncertainty in the estimation of centroid of bottle using
MSAC (Table 8)

(c) Segmented Point Cloud (d) Illustration of the
uncertainty in estimated centroid of the bottle in Figure
23

Fig. 23. Uncertainty in the centroid of genralized cylindrical object
with estimated centroid in blue

outliers. Occlusions are circumvented by scheduling
pickups sorted based on depth within the bin. With
MSAC, multiple runs were carried and it achieved
93% of the time accurate pose estimation for pickup.
The estimated uncertainty parameters can be used to
re-estimate the centroid for pickup in case of failure
events. This avoids the need for re-scan and is hence
faster than the systemwithout this implementation.
The new parameters can be obtained from grid search
within the bounds of ellipsoid defined by uncertainty
parameters.

As a step ahead compared to already existing sys-
tems We have made a generalized bin-picking sys-
tem by extending the work of picking cylindrical pel-
lets,The proposed system can now estimate the
param- eters of general cylindrical objects by fitting a
cylinder on the point cloud of the object. A
comparison of the time taken for the estimation of
pose for each object Table 10 shows that MSAC
outperforms RANSAC and Deterministic Algorithm.
Uncertainty in the estimation of the parameters of
the cylinder is also modeled and can be used in
better estimation of parameters. Experi- ments
with multiple runs on the system were done, and it
achieved an accuracy of 94% in the pose estimation
for pickup of large cylindrical pellets and 74% for gen-
eral cylindrical objects. The decrease in accuracy for
general objects is because of the decrease in the ac-
curacy of the point cloud from the laser scanner. The
laser scanner is affected by the transparency in
objects and by the reflectiveness of the white color.
These er- rors can be reduced by finding an optimal
setting in the range sensor for best results.

Table 10

Comparison of the time taken (inms) by each approach for parame-
ter estimation

Method Deterministic
[39]

RANSAC MSAC

Small pellet 5 1.94 1.0

Large Pellet NA 6.49 3.95

Bottle NA 40.34 43.43

7.1. Conclusion

We have proposed a probabilistic approach for
estimation of parameters of cylindrical objects to
autonomously empty a bin using robotic manipulator.
The proposed approach in this paper is a more robust
way of determining the pose of texture less cylindrical
pellets. The algorithmmainly focuses on reducing the
errors in the estimation of parameters when
compared to the conventional approaches. The uncer-
tainty is an important factor as it is estimated by var-
ious sources of errors. Furtherwork on generalized
cylindrical objects was carried out, and good pickup
accuracy is achieved even for new and previously un-
seen objects.
Our paper mainly aims at helping a robotic arm au-

tonomously empty bins with the help of a probabilis-
tic method, the advantage of this method is that it
deals well with uncertainty. In real-world situations,
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there’s often uncertainty about the size, shape, and
placement of cylindrical objects in bins. This prob-
abilistic approach allows the system to account for
these uncertainties, making it more reliable. It’s like
having a flexible tool that can adapt to differ- ent
situations. Another advantage of the proposed system
can learn and improve over time. As it gathers more
data and experiences, it gets better at estimating
parameters and handling different types of cylindrical
objects. This adaptability is crucial for tasks like
emptying bins efficiently and safely. In essence, the
advantage of this proposed method is its ability to
handle uncertainty effectively and im- prove its
performance through learning and adaptation,
ultimately making the robotic arm more capable of
autonomously handling the task of emp- tying bins
containing cylindrical objects. A probabilistic
approach specifically tailored for estimating
parameters related to cylindrical objects. This method
is designedwith the aim of enabling a robotic manip-
ulator to autonomously empty a bin. The advantage
of this proposed method lies in its probabilistic na-
ture. The system can better handle uncertainties and
variations inherent in real-world scenarios by
employ- ing probabilistic techniques. Cylindrical
objects, due to their shape and potential variations,
can pose chal- lenges for accurate parameter
estimation. The proba- bilistic approach allows the
system tomodel and ac- count for theseuncertainties,
resulting in more robust and reliable parameter
estimation. Furthermore, prob- abilistic methods
offer a framework for incorporating prior knowledge
or information gained during the op- eration,
enabling the system to adapt and improve over
time. This adaptive capability enhances the overall
per- formance and efficiency of the robotic
manipulator in autonomously emptying bins, as it can
continually re- fine its estimates based on feedback
from its environ- ment.

7.2. Future Work

The proposed model provides a robust foundation
for pose estimation of cylindrical objects, which can
be extended to other primitive shapes (e.g., spheres,
cubes) using the RANSAC-based framework. A key
future direction is to leverage the uncertainty model-
ing results (e.g., ellipsoids from Section 5.5) for online
grasp correction. By integrating reinforcement learn-
ing (RL), the system could dynamically adjust the
gripper’s pose within the uncertainty bounds during
pickup attempts. For instance, an RL agent could use

the covariancematrix ΣE as a reward penalty, refining
the centroid estimate in real-time based on tactile
feed- back or grasp success. This would enhance
robustness in cluttered or occluded bins, reducing
pickup failures by 10–15% compared to static
adjustments. Addition- ally, combining the
probabilistic approach with deep learning could
improve feature extraction for general objects,
further reducing the 74% accuracy gap ob- served
in Section 6.
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